This study examines changes in returns to formal education and cognitive ability over the last 20 years using the 1979 and 1997 waves of the National Longitudinal Survey of Youth. We show that cognitive skills had a substantially larger impact on wages in the 1980s than in the 2000s. Returns to education were higher in the 2000s.
Introduction
Families and policy makers implement various strategies to enhance an individual's capacity to succeed in the labor market. Investment in an individual's human capital is one of the most important tools to achieve this goal. A large literature documents that workers with higher educational attainment have higher earnings and that this wage differential has been increasing over time. The standard estimates obtained using the least-squares method show that between the 1980s and 2000s there was an increase in returns to education in the range of 20% -50% (see, for example, Goldin and Katz 2007, among others) . Many studies argue that this growth was more rapid in the first half of the 1980s. There is an extensive debate about whether more educated workers earn higher wages due to formal education or due to their unobservable characteristics, such as higher cognitive ability. There is also some debate about the interpretation of the rising return to schooling: whether it is due to an increase in return to formal education or a rising return to cognitive ability. In this work we add to this literature by examining the changing roles of formal education and cognitive ability in wage determination between the 1980s and 2000s. We show that returns to formal education grew substantially during the entire period and did not slow down in the nineties.
On the other hand, returns to cognitive ability have decreased over time.
A number of studies examine the trend in the return to cognitive ability as measured by scores on standardized tests. Blackburn and Neumark (1993) report that the rise in return to education is concentrated among those with both high education and high ability, but they argue that there is no trend in the return to ability. 1 They estimate the model using the 1979 National Longitudinal Survey of Youth (NLSY79), gathering information for the 1979 -1987 period, for a single experience group, using only entry wages. Grogger and Eide (1995) employ two longitudinal surveys that follow the same individuals: National 1 In their study cognitive ability is measured by an average of three subtests of the Armed Services Vocational Aptitude Battery (ASVAB) test scores.
Longitudinal Study of the High School Class of 1972 (NLS72) and the High School and
Beyond (HSB), using late 1970s and mid 1980s data. 2 They assume linear experience effects and no age effects and find that standardized test scores and high school grades had no effect on the change in college wage premium for men, but returns to math ability rose considerably for women. They also find that the rise in economic return to education is concentrated among the most able. Bishop (1991) uses NLSY79 for the 1981 -1986 period, assuming linear time and age effects, he finds that the time trend of returns to ability is not statistically significant for either men or women.
These studies attempt to decompose the increasing return to schooling using data that follow the same individuals or using repeated cross-section samples of the same cohorts over time. When following the same individuals or cohort over time, the identification of age, cohort and time effects, is merely possible since we do not observe two individuals of similar age who were born in different periods. Therefore, it is difficult to infer whether the rise in return to ability is due to changes in the value of cognitive skills, or because ability becomes more valuable with work experience (see Cawley, Heckman, Lochner and Vytlacil 1998 , for further discussion).
Murnane, Willett and Levy (1995) implement an alternative econometric approach and identify both time and age effects. They use the NLS72 and the HSB datasets to compare wages in 1978 with wages in 1986. They estimate the contribution of ability, measured by scores in a math test, to the rise in the return to education measured at the age of 24 in 1978 and 1986. They conclude that 38% of the rise in the return to education during this period can be attributed to a rise in the return to ability.
Several studies evaluate returns to unobservable skills by examining the changing patterns of wage distribution. In recent decades there were two important changes in the wage distribution: an increase in the college/high school wage gap, and a substantial rise in the variance of wage residuals both within and between groups. The second change is typically attributed to an increase in the demand for unobserved skill, as for example argued by Juhn, Murphy and Pierce (1993) . Chay and Lee (2000) and Taber (2001) examine the changing distributional patterns between the 1980s and early 1990s to evaluate returns to schooling and ability. Chay and Lee find evidence of an increase in the return to skill, but argue that it cannot be large enough to account for the full increase in the return to schooling. Their results are in contrast to Taber's findings, which suggest that an increase in the demand for unobserved ability could play a major role in the growing college premium.
This work provides new evidence on the relationships between formal education, ability and wages. We evaluate to what extent cognitive skills captured by the Armed Services Vocational Aptitude Battery (ASVAB) tests affect wages of young adults and how this relationship has changed over time. 3 Existing research mainly focuses on developments in the 1980s, here we examine the determinants of wages in 1980s and 2000s using the 1980 -1991 waves in NLSY79 and the 1999 waves in NLSY97, and analyze the 18 -28 age group in both datasets. By examining how the ability-wage relationship differs between the two cohorts, we evaluate how the returns to cognitive skills and schooling have changed over the last 20 years.
The key finding is that cognitive skills were substantially more important in the 1980s than in the 2000s. We show that returns to cognitive ability have decreased by 20% -50% between the 1980s and 2000s for men and women. We also show that the slowing down in the increase of returns to education during this period is less pronounced when controlling for ability. These changes in returns are persistent across education groups, hold for various ability measures and are robust in various specifications.
We consider various factors that could generate such a dramatic decline in the ability premium in the 2000s. First, we examine changing distributions of skills and assess how the returns to education and cognitive ability would have changed if the observable population characteristics remained constant between the 1980s and 2000s. One difference between the two samples is in the age distribution of the respondents. The age range is similar in both datasets but, due to differences in sampling methodologies, NLSY97 respondents are younger on average than NLSY79 respondents. The cohorts also have different distributions of family background measures: the respondents of the 1997 cohort have more educated parents and are more likely to live in single-parent households. To minimize these differences, we follow the density reweighting procedure described in DiNardo, Fortin and Lemieux (1996) . We re-estimate wage equations for the NLSY97 cohort applying population weights to match NLSY79 distributions. Changing distributions of various observed characteristics cannot explain the decrease in returns to cognitive ability. Second, we examine whether changing labor market structure can explain the decreasing return to cognitive skills. We perform a similar reweighting procedure to adjust the distributions of occupations and industries across surveys, and show that these adjustments do not change the results.
Third, we assess whether changes in test-taking conditions and incentives could affect the outcomes through a measurement error in test scores. Measurement errors do not explain much of the decline in returns to cognitive skills.
To further study the changes in skill prices between the 1980s and 2000s, we examine developments in wage dynamics over the 20 years. In the 1980s higher ability was associated with higher wage growth; wage growth in 2000s is not affected by ability. We evaluate these findings within the Ben-Porath (1967) human capital framework. We argue that these changes in wage dynamics, and therefore the overall decline in returns to ability, can be attributed to the changing pace of technological progress between the two periods. More rapid technological growth raises the importance of on-the-job training and therefore raises returns to experience, with a larger increase for more able workers if these workers are more trainable. Many studies suggest that technological progress has slowed down in late 1990s.
For example, Katz (2000) interprets the slowdown in growth of relative demand for skill since the late 1980s as reflecting a "maturing of the computer revolution". Greenwood and Yorokoglu (1997) use a general equilibrium setup to argue that technological changes were more pronounced at the beginning of the 1980s. This change could decrease the importance of post-schooling training and therefore narrow the role of ability in wage determination.
We also address the changes in wage dynamics within the asymmetric employerlearning theory, which uses a similar empirical specification (see, for example, Altonji and Pierret 2001) . Within this framework, the results suggest that there were advances in signaling about unobserved ability between 1980s and 2000s. However, this theory cannot explain the overall decline in returns to ability. This paper proceeds as follows. Section 2 describes the datasets in detail. Our main empirical results are reported in Section 3. In that section, we examine the changing roles of cognitive skills and formal education in the wage function. We also perform a sensitivity analysis to evaluate whether differences in skills distributions and changing test-taking conditions can explain the outcomes. Section 4 explores the dynamics of wages and evaluates findings within the human capital and asymmetric employer-learning theories. Section 5 concludes the paper.
Data
For the analysis, we draw data from the 1979 and 1997 waves of the National Longitudinal Survey of Youth (NLSY). NLSY79 provides a nationally representative sample of 12687 young men and women who were ages 14 -22 in 1979, and NLSY97 samples 8985 individuals who were ages 12-16 in 1997. We pool observations for the years 1980 -1991 for NLSY79, and 1999 -2008 for NLSY97. We employ both cross-sectional and supplemental samples (excluding the military supplement) in NLSY79 and NLSY97.
The data contain detailed information on individuals, including measures of cognitive ability, education, labor market activity and other family and personal characteristics. Many of these variables are compatible across the 1979 and 1997 cohorts, but some require further adjustments to facilitate comparison across samples. Altonji, Bharadwaj and Lange (2008) provide a detailed analysis of each dataset and suggest methods to achieve compatibility.
We follow their methodology where applicable. 4 Individuals enrolled in school and military service are excluded from the analysis.
Only workers with at least 20 hours per week and real hourly wages within the range of 3 to 100 dollars (in 2007 prices, deflated using the CPI) are considered. We exclude individuals with missing information on key variables. Since the oldest individual in the NLSY97 turned 28 in the 2008 wave of data, we limit our analysis to the 18 -28 age group. 5 The final samples of men contain 23792 observations in the 1979 cohort and 12621 in the 1997 cohort. The number of individuals in each cohort is 4635 and 3030, respectively. For women we use 19409 observations in NLSY79 and 11177 observations in NLSY97, pooling information on 4438 and 2943 respondents respectively. We pool observations for years 1980-1991 for the NLSY79, and 1999-2008 for the NLSY97. We use weights provided by the Bureau of Labor Statistics (BLS) to achieve representativeness of the population. 6 Table 1 summarizes the variables used from NLSY97 and NLSY79. The statistics are calculated using the standard BLS weights and also using constructed weights to match the age distribution of NLSY97 to that of NLSY79. 7 Comparison of the age statistics in NLSY79 and NLSY97 samples shows the main effect of the age-reweighting procedure. The mean age is lower in NLSY97 when using 4 Some studies have raised a concern regarding the representativeness of the NLSY97. These issues are discussed in detail by Altonji et al. (2008) , and we adopt their assumption that by using the survey weights, the available data are representative of the 1997 and 1979 populations. Attrition patterns are also addressed by Altonji et al., who argue that it does not constrain the analysis.
5 A very small number of respondents were age 29 at the time of the 2008 wave of the NLSY97. 6 For some estimations we construct alternative sets of weights to evaluate effects of changing distributions of skills on labor market outcomes. Next section describes this procedure in detail. 7 The reweighting procedure is discussed in detail in subsection 3.1.
the standard weights, due to a higher concentration of younger workers. We address two important compatibility issues which arise due to differences in survey and test methodologies between the NLSY79 and NLSY97. First, participants in the NLSY79 took the ASVAB exam in the summer of 1980 when they were 15-23 years old.
For the NLSY97 cohort, the test was administered when individuals were between 12 and 17 years old. Second, the NLSY79 cohort was administered a pencil and paper (P&P) version of the ASVAB while the NLSY97 participants took a computer assisted test (CAT)
format. For NLSY97 we use ASVAB scores provided by Daniel Segall, who develops a mapping that assigns scores to equalize percentiles on the various subtests of the P&P and 8 We interpret each measure as a proxy for cognitive ability and avoid using more than one measure in estimations due to their high correlations. For instance, the correlation between Math and Verbal scores is 0.75. the CAT. The mapping procedure is described in detail in Segall (1997) . To adjust scores by age we follow a procedure described in Altonji et al. (2008) . 9 Altonji et al. exploit the overlap in the test-taking age across both cohorts by applying an equipercentile procedure on each cohort with the population of test takers who were 16 year old when taking the test. In our estimations we use age-and format-adjusted test scores. Figure 1 shows the distributions of ability measures for each cohort. Table 1 In our main estimations we use indicators of schooling levels. There is an increase in overall education levels which is more pronounced if using the age-reweighted NLSY97 sample. For example, for male workers, the proportion of individuals with a bachelor's degree is similar, 12% and 13% respectively. If using reweighted observations, the average college graduation rate is larger, and stands at 16%. For women, the college graduation rates increases from 16% to 21%. After the age adjustment the graduation rates increases in the second cohort to 22%.
Years of schooling are not used in main estimations since, on average, it takes longer for the later cohort to complete their degrees. For example, a 25 year old individual (male or female) with a bachelor's degree has 15.9 years of schooling on average in NLSY79, but 16.5 years in NLSY97. In the entire NLSY79 sample the mean value of years of schooling is 12.4 for males and 12.8 for females. Limiting the observations to 25 year old individuals we obtain 12.6 and 13.1 years of education for males and females, respectively. In the 1997 sample, the average years of education are 12.5 for males and 13.1 for females. In the age-reweighted sample, mean years of schooling are 12.7 and 13.3 for men and women, 9 We thank Joseph Altonji, Prashant Bharadwaj and Fabian Lange for help with the ASVAB data.
respectively. In the 25 years old subsample of NLSY97 data, these numbers are 13.1 and 13.9 respectively. 10 To construct work experience we count the number of years after completing the most recent degree. There are differences across cohorts, but these are smaller if reweighting the samples by age. Hours of work are decreasing over time for men and women. We use hourly real wages in 2007 prices for both cohorts. The unemployment rate is used to summarize macroeconomic conditions. Finally, the proportion of black workers is higher in the NLSY97 sample. This is partially due to sampling methodology and partially because of a higher attrition of black workers in the earlier waves of the survey. This issue is discussed in more detail in Altonji et al. (2008) . analysis is based on family income in 1997, dropping individuals not living with their parents in that year. We denominate the family income measure in 2007 dollars, using the CPI. Mean family income remained fairly constant over time but its dispersion increased.
Family structure information is provided by an indicator variable for whether both parents were living with the child when he/she was 14 years old in the NLSY79, and in 1997 (i.e., ages 13-17) in the NLSY97. There are more single-parent households in the later cohort.
Finally, Table 1 shows statistics on parental years of schooling, which are higher in the 2000s. 10 The statistics for 25 year old individuals are not reported and are available upon request. 11 When income is available only for age 16 or age 17 and not both, we use the available measure.
Estimation
The analysis centers on estimating wage functions using NLSY79 and NLSY97, treating men and women separately. To evaluate the changes in effects of schooling and cognitive ability on earnings, we employ identical estimation specifications for each cohort. For simplicity of interpretation and to facilitate comparison with other studies, we use the standard Mincer framework:
where wage it is the real hourly wage rate paid to an individual i at time t, EDU C it is a vector of education dummy variables, ABILIT Y i is cognitive ability measured by either the AFQT score, the average Math score or the average Verbal score, EXP it corresponds to labor market experience, X it is a vector of personal characteristics and family background variables, upper scripts on the coefficients denote the cohort used in estimation with T 2 fN LSY 79; N LSY 97g. The datasets pool information for individuals over time.
Therefore, the coefficients of education and ability may reflect not only prices of these skills, but also the effects of human capital depreciation and on-the-job training or learningby-doing. We discuss the interpretation of the coefficients in the next section, where we propose a dynamic model to estimate returns to formal schooling and ability.
The results are reported in Tables 2 and 3 , for men and women respectively. Columns
(1) and (2) report effects of education on wages when ability is not controlled for. Returns to education in this specification display modest increases over time for men and women, confirming patterns described in other studies. Returns to experience are lower for the NLSY97 cohort than for the NLSY79 cohort. The remaining columns display estimation results that include ability measures. The most striking outcome is the significant decline in 2 over the 20 years. The differences between the coefficients on ability measures are statistically significant at a 1% confidence level in all specifications, for men and women.
For male workers, an increase in the AFQT score by 10 points is associated with a 2.6% increase in hourly wage for the 1979 cohort, but only with a 1.1% increase for the 1997 cohort. For female workers, the effect of a 10 point increase in AFQT score on the real wage rate drops from 3.5% to 2.2%. 12 Similar large declines in returns to ability are documented when using alternative measures. A 10 point increase in Math (Verbal) score is associated with an increase of 1.2% (0.6%) in the wage rate in the 1980s and with 0.5% (0.2%) increase in the 2000s. 13 When controlling for ability, the increase in returns to education is more pronounced at all levels for both men and women. For instance, the returns to a bachelor's degree in the 1980s are 5.5% for men and 6.3% for women in the specification that excludes the ability measure (column 1 in Tables 2 and 3 ). In a similar specification, these returns are 6% and 6.9% in the 2000s (column 2 in Tables 2 and 3 ). Estimates obtained from the model that includes the AFQT score to measure ability gives 4% and 4.8% for men and women in the 1980s, and 5.5% and 6% in the 2000s. These outcomes imply that the returns to education are much higher in the 2000s and the ability bias is larger when estimating the wage equation for the 1980s. In both periods, returns to experience do not change significantly when controlling for AFQT scores. Table 4 reports estimation results of the wage equation controlling for additional characteristics, family background and occupations and industries. Including family background controls reduces the coefficients of ability measures for males in NLSY79 but have a smaller effect on NLSY97 coefficients. For women, the effects of additional controls are 12 It should be noted that the standard deviation of the AFQT score for men is around 30 points in both samples (Table 1) . Thus, an increase by one standard deviation in the AFQT score is associated with around a 7.8% increase in hourly wage for the 1979 cohort, and a 3.3% increase for the 1997 cohort. 13 The standard deviation of the Math score for men is 8.1 in NLSY79 and 8.9 in NLSY97. The standard deviation of the Verbal score is around 10 points (Table 1) .
small for both cohorts. Including occupation and industry indicators does not have much effect on the outcomes, suggesting that the decline in returns to cognitive skills is not driven by developments in specific sectors of the labor market. Overall, the differences in returns to cognitive skills between the 1980s and 2000s remain significant under all specifications, for men and women.
Returns to ability measures by education are reported in Table 5 . These results show that the decrease in returns to ability occurred across different education levels for men and women. The differences in the ability coefficients across samples are statistically significant at a 1% -10% level in all specifications except those for women with lower than high school education.
The same pattern is observed in Table 6 , which records estimation results by race. The returns to ability decrease for white and black men and women, although the magnitude of the decline is higher for white workers. The differences are significant at a 1% level for men and at a 5% -10% for women.
Equation (1) is also estimated using the alternative definition of the schooling variable. Tables 12 and 13 report estimation results using years of schooling (highest grade completed) for men and women. The decline in returns to cognitive ability is substantial in these specifications as well. For example, the AFQT coefficient drops from 2.3% for a 10-point increase in test score to 0.6% for men, and from 3.2% to 1.9% for women.
Columns (1) -(6) in
These estimation results document a significant decline in returns to cognitive ability between 1980s and 2000s. The estimations use a representative dataset but do not control for changing distributions of observable characteristics nor for potential measurement errors in test scores. We address these issues in the following Subsection.
Robustness/ Sensitivity Analysis
The results reported in Tables 2 -6 are robust in various specifications, and the main findings do not change much when including additional control variables. Here we perform a few more tests to evaluate whether changes in test-taking incentives and conditions or changes in the distributions of individual characteristics can explain the main findings. First, we check whether changes in test-taking conditions and incentives could affect the outcomes. 14 Second, NLSY97 respondents differ from NLSY79 respondents in age distribution. Individuals in NLSY97 are younger on average than those in NLSY79, as evident from comparing the mean ages in columns (1) and (3) and (7) and (9) in Table 1 . We construct weights to adjust age distributions and estimate equation (1). The respondents in each survey also differ in other dimensions: in additional estimations we control for changing distributions of workers' observable characteristics and for changing labor market structure.
Changes in test-taking conditions Section 2 described the procedure to obtain comparable test score distributions across samples. We also estimate equation (1) for the group of individuals who took the ASVAB test when they were 16 years old, which is an overlapping age to take the test across the NLSY cohorts. To perform these estimations we use scores reweighted only using the mapping to obtain comparable distributions of P&P and CAT formats, described in Segall (1997) . The results, reported in Tables 7 and 8 , show a significant decline in returns to ability over the 20 years, in all specifications, for men and women. The differences are statistically significant at a 5% -10% level for men and at a 1% level for women.
An additional difference in test-taking methodologies between the two samples is in the amount of financial compensation for participating in ASVAB, which was lower for the later cohort and could affect performance in the test through incentives and motivation. The respondents in the NLSY97 survey were asked about the reason they took the ASVAB test, and there were 7 possible responses: (1) Because it's an important study; (2) To see what it's like to take a test on a computer; (3) To see how well I could do on the test; (4) To learn more about my interests; (5) Family member wanted me to take it; (6) To get the money; or (7) I had nothing else to do today. We split the 2000s sample into two groups, "motivated" -with responses from (1) to (4), and "non-motivated" -for responses (5) to (7). 15 The estimation results for men and women, for each subgroup, are reported in Table 9 .
Individuals who are assumed to have higher motivation to take the test also have a higher test score coefficient than the less-motivated respondents. We partly attribute this difference to measurement errors in test scores. Test scores are likely to be less informative about the true cognitive ability of a respondent who puts lower effort into the test. This result may also suggest that there is a correlation between unobservable personal characteristics that affect wages and the reason to take the test, but we do not find any correlation between the reason to take ASVAB and wages. 16 The return to cognitive ability estimated for the 1980s is two to four times higher than the estimated return in 2000s, for each subgroup. The differences in AFQT and Math scores are statistically significant at a 1% level for men and women, and differences in Verbal scores are statistically significant at 10% for men and at 1% for women.
Estimation of Propensity Scores and Reweighting
We reweight both samples to generate similar distributions of observable characteristics. To construct the weights, we follow the methodology developed by DiNardo, Fortin and Lemieux (1996) . First, we pool data from both surveys and use Probit models to estimate the probability that an observation 15 The results are not very sensitive to the division of individuals into subgroups. For example, estimating equation (1) using only individuals who chose answer (4) vs. those who chose (7), provides very similar estimates.
16 These results are not reported and are available upon request.
is in the NLSY79, conditional on variables of interest. These probability estimations use sampling weights provided by the BLS to achieve population representative samples. Second, we construct the weights using the following weight function, (Z) = P (d1979jZ) 1 P (d1979jZ) . Here d1979 2 f0; 1g is an indicator that a given observation is taken from NLSY79, and P (d1979jZ) is the conditional probability of appearing in NLSY79, conditional on observable characteristics Z. When estimating the propensity scores we consider various sets of characteristics. The weight function (Z) is used to reweight the observations in NLSY97 to obtain nearly equal distributions of variables of interest across the two surveys. The reweighted data are used to estimate the wage equation controlling for the changing distributions of observable characteristics and labor market structure.
Age The empirical analysis uses individuals between 18 and 28 years old. Both samples are constructed to have the same age range, nut their age distributions are not similar. The NLSY97 sample is younger, on average, than the NLSY79 sample. We construct weights for the NLSY97 sample which equalize the age distributions. First, we pool data from NLSY79 and NLSY97, and use a Probit model to estimate the propensity score P (d1979jage; age 2 ; age 3 ), where d1979 2 f0; 1g using sampling weights provided by BLS for NLSY79 and NLSY97. These propensity scores are used to construct weights to statistically adjust the samples. We apply the following weighting function, (age; age 2 ; age 3 ) = P (d1979jage;age 2 ;age 3 ) 1 P (d1979jage;age 2 ;age 3 )
. These weights are used to reweight the NLSY97 observations. Age summary statistics before and after the reweighting, and the effects of reweighting on other variables of interest, are given in Table 1 . Age adjustment affects not only the age distribution of the NLSY97 sample but also average schooling, experience and wages, which increase on average, and ability scores, which decrease on average.
Estimation results using the age-adjusted data are in the upper panels of Tables 10 and 11. The age-reweighted returns to ability in the 2000s are slightly higher than those obtained using the standard weights in all specifications but still significantly lower than the 1980s returns.
Family Background The summary statistics of family background variables, in Table 1, show several important changes over the past 20 years. Parental education level and proportion of single-parent families increased in the 2000s. We construct a new set of weights by using a model that includes the age variables and mother's and father's education, family income, an intact family indicator, number of siblings and an indicator of Hispanic origin.
These predetermined variables might be important for returns to skills estimations since they influence skill development and economic decision-making. Since the family income variable is only available for a subset of respondents we construct two sets of weights, including and excluding the family income variable, and report two set of returns to skill estimates.
Allowing for more flexible forms for the propensity models also leads to obtaining extreme values for the propensity weights. These are generated because some combinations of characteristics are much more likely in NLSY79, so the corresponding weights are very high; and some combinations are much more likely in NLSY97, in which case the weights are very low. To limit the influence of observations with extreme weights we focus on 99% of the sample, excluding the 99th percentile. To examine the sensitivity of results to trimming extreme weights, we confirmed that using 99.5% of the sample has almost no effect on the results. 17 If we do not cap the weights the results are sensitive to propensity model specification and have large standard errors. Capping the weights produces results which are not sensitive to varying model specifications.
Estimation results of equation (1) using the reweighted data are reported in panels B and C of Tables 10 and 11, for men and women respectively. 18 Adding the family back-ground variables to the propensity score model does not affect the coefficients on ability measures much. Results in panels B and C are very similar to those in panel A.
Occupational and Industrial Shift
We also examine whether the change in return to cognitive ability can be attributed to changes in market structure. Many studies have documented and examined the effects of structural change in the labor market. For example, Acemoglu (2002) argues that technical change over the past sixty years has been skillbiased. We test how the returns to cognitive ability and schooling would have changed if there were no shift in the distributions of industries and occupations over time. We use age, age 2 , age 3 , occupations and industries indicators to construct another set of weights. Estimation results based on samples with similar densities of occupations and industries (and age) are reported in panel D of Tables 10 and 11. The effect of structural change on the estimates is relatively small for both men and women. In panels E and F we estimate the coefficients using a propensity score model that includes age variables, occupations, industries and family background characteristics. These changes in the propensity model do not affect the estimation results.
Wage Dynamics and Returns to Cognitive Ability
We find that returns to cognitive ability have declined substantially and returns to formal education have increased between the 1980s and 2000s. These results were obtained using the standard Mincer equation given by (1). Here we explore a dynamic wage specification, to allow for variation in education and ability differentials by work experience. We interpret our empirical findings within the human capital hypothesis which suggests that ability may affect post-schooling investments in human capital, and that formal education may become obsolete over time. Within this theory, adding dynamics to the model should capture effects of technological changes over time on the human capital accumulation process.
The alternative framework that uses a similar empirical specification is the asymmetric employer-learning theory, as for example in Altonji and Pierret (2001) . Within this theory, the dynamic equation estimates capture changes in signaling and monitoring mechanisms between the 1980s and 2000s. We briefly address our findings within this theory as well.
The dynamic analysis originates from the standard Ben-Porath (1967) framework and distinguishes between formal schooling and on-the-job training. In the conventional model of optimal investment in human capital, individuals allocate their time between work and on-the-job training. The stock of human capital increases potential earnings. The objective of an individual is to maximize the present value of his/her life-time earnings if retirement age is given and leisure is not valued. We adopt several standard assumptions about the roles of cognitive ability and technological change in the human capital accumulation process.
We rely on earlier findings by Veum (1993) and assume that cognitive ability makes workers more trainable and more able workers receive more training. 19 Additionally, we assume that technological change may affect investments in training. This assumption also relies on findings in previous research. Bartel and Sicherman (1998) use the NLSY79 data from 1987 through 1992 and find that production workers in manufacturing industries with higher rates of technological change are more likely to receive formal company training. Gashi, Pugh and Adnett (2008) reach a similar conclusion using an administrative German dataset.
Thus, technological change affects several parameters in the Ben-Porath framework. First, more rapid technological change may increase the depreciation rate of previously acquired human capital. Second, it can affect returns to human capital. Skill-biased technological change can raise the price of human capital but also the opportunity cost of on-the-job training. Third, it may affect the costs of production of human capital. The effects of technological change and the return to on-the-job training may differ by education, ability level and other personal characteristics.
19 Veum (1993) uses NLSY79 and proxies cognitive ability with AFQT scores.
To add formality to the discussion, assume the following framework. In any period t, the stock of human capital is given by the human capital remaining from the preceding period and human capital produced in the current period. The law of motion of human capital accumulation is described as follows: H t = Q t +(1 )H t 1 , where H t is the stock of human capital in period t, Q t denotes the human capital produced in the current period t (investment), and is the depreciation rate of human capital. Human capital stock at t = 0, the year the individual enters the labor market, is H 0 , which denotes the level of formal schooling. A higher depreciation rate implies a faster depletion of formal and acquired onthe-job human capital. Human capital produced in current period, Q t , is assumed to depend on personal ability level, the current stock of human capital and technology. Individuals with higher cognitive skills produce higher Q t 's due to lower costs and higher skill prices.
The following equation summarizes the dynamics of the Ben-Porath model,
where H i0 is the years of schooling of an individual i, ability i is measured by ASVAB test scores and EXP it is labor market experience of an individual i in period t, measured by years since completing formal schooling. Other controls are summarized by X it and include personal characteristics and macroeconomic conditions. The term ! it summarizes measurement error in the data. The equation is estimated for each cohort, T 2 fN LSY 79; N LSY 97g. In this specification the depreciation rate of human capital is reflected in the coefficients of EXP 2 , T 6 , and the interaction between formal education and experience, T 3 . Human capital investment or on-the-job training is summarized by the coefficients of experience, T 5 , and the interaction between ability and experience, T 4 .
Tables 12 and 13 provide estimation results of equation (2), for men and women, respectively. In these estimations the observations in the NLSY79 are weighted using sam-pling weights provided by the BLS. The observations in the NLSY97 are weighted using constructed weights to match age distributions in NLSY79. Columns (1) - (6) in Tables 12   and 13 report results obtained using equation (1). These results are quite similar to those reported in Tables 2 and 3 , and show significant declines in returns to cognitive ability over the 20 years and higher returns to education in the 2000s.
Columns (7) - (12) in Table 12 report estimation results of equation (2) Results for women are reported in columns (7) - (12) in Table 13 . Returns to experience have increased substantially between the 1980s and the 2000s. There is a decline in returns to experience by ability level, as measured by the coefficient of experience-ability interaction. Returns to education decrease with experience more substantially in the 2000s.
Including wage dynamics into the model reduces the coefficient of ability at entry wages in the 1980s but has no effect on the 2000s estimates, again, suggesting that changing wage dynamics explain the overall decline in returns to cognitive ability.
If we interpret the results in Table 12 (for men) within the human capital accumulation theory, we conclude that the importance of on-the-job training has declined over the 20 years. We also conclude that formal education depreciates at a much lower rate in the 2000s, which may reflect changes in the education system. The results for women also show a weakening relationship between returns to ability and work experience in the 2000s but do not show an overall decline in the role of on-the-job training. On the other hand, female labor market and labor force participation went through many developments not captured by the simple specification of equation (2). We attribute the differences between male and female outcomes to the developments in the labor market. 20 Our interpretation of results in Table 12 is plausible if technological change was more rapid in the 1980s, and the formal education system did not keep up with the needs of firms which were adopting the new technologies. A slowing down in the rate of technological growth could lower the importance of post-schooling training in the 2000s and therefore narrow the role of ability in wage determination in the later decades. More rapid technological change also implies a higher depreciation rate of human capital. There is no single measure of technological change to describe the processes that took place in the US labor market between the 1980s and 2000s, but some indirect evidence supports our conclusions.
First, the adoption of computer-based technologies occurred mainly in the 1980s and the early 1990s, and the work environment in the 2000s was relatively stable. Goldin and Katz (2007) show that relative demand growth for college workers was more rapid particularly in the 1980s, but it has slowed down since the 1990s. One of their conclusions is that technology has been racing ahead of education in recent decades, and especially in the 1980s. Katz We also examine the empirical findings in Tables 12 and 13 within the asymmetric employer-learning theory. This theory argues that when a worker enters the labor market, employers might be able to infer only partial information about the worker's productivity.
In this framework, employee's education is an important signal to the employer about his or her potential productivity. Over time, however, the returns to schooling should decrease with labor market experience and increase with initially unobserved ability, since the employer gradually obtains better information on the productivity of an employee. 21 Equation (2) is similar to the empirical strategy developed in Altonji and Pierret (2001) . Our estimation results are quite similar to those derived in their study when using the 1979 cohort.
Using the NLSY79 data we find that returns to ability increase with experience, and returns to education decrease with experience. The results are very different for the 1997 cohort. Tables 12 and 13 suggest that there is a weaker evidence for employer's learning about worker's ability in 2000s. Within the asymmetric-learning theory, these outcomes suggest that there were advances in signaling about ability between the 1980s and 2000s: employers obtain more information about an employee's productivity from observing their formal education in the 2000s. This could be an outcome of the introduction of more meritoriented policies in educational enrollment which benefited more able individuals. 22 Additionally, as suggested by Goldin and Katz (2007) , the increasing relevance of educational institutions to market needs starting in the later 1990s, could have provided young workers with better skills for the jobs. On the other hand, the asymmetric employer-learning framework cannot explain the decline in returns to ability at entry wages. 21 This theory was empirically tested by Farber and Gibbons (1996) and Altonji and Pierret (2001) using the NLSY79 data. Both studies argue that an employer's learning about worker's ability plays an important role in wage growth. 22 Evidence about the introduction of such policies in the later years is provided in Castex (2010) and Kinsler and Pavan (2011) .
Results in

Conclusion
Many studies have addressed the rising return to education over time, trying to assess to what extent this trend can be explained by changing returns to cognitive ability. Most studies focused on the 1980s and found either no trend in returns to ability or rising returns over time. Some of the studies that report an increase in the returns to cognitive ability during the 1980s suggest that skill-biased technological change was behind the rising price of ability in the new market. Here we find that the return to cognitive ability has decreased substantially between the 1980s and the 2000s.
This study uses data from the 1979 and 1997 NLSY cohorts and examines changes in returns to formal education and cognitive ability as measured by the AFQT, Math and Verbal scores. We find that cognitive skills were substantially more important in determining wages in the 1980s than in the 2000s. Using the standard Mincer model we show that returns to cognitive ability decreased by more than 50% between the 1980s and 2000s for men, and by around 40% for women. We also show that the slowing down in the increase of returns to education during this period is less pronounced if controlling for ability. When performing the estimations, we control for various personal characteristics and macroeconomic conditions and find that results are robust under all specifications. We also reweight the NLSY97 to look like the NLSY79 along a number of dimensions using a propensity score matching procedure; we show that changing distributions of various workers characteristics or changing labor market structure cannot explain the findings. Additionally, we show that differences in returns to skills cannot be explained by modifications in survey methodology.
To further examine the changes in skill prices over the 20 year period we estimate a dynamic wage model. We show that wage growth in the 1980s was positively associated with cognitive ability but we do not find such relationship in the 2000s. We evaluate these findings within the Ben-Porath (1967) human capital accumulation framework. We argue that these changes in wage dynamics and therefore the overall decline in returns to ability can be attributed to the changing pace of technological progress between the two periods.
More rapid technological growth raises the importance of on-the-job training and therefore raises returns to experience, with a larger increase for more able workers if these workers are more trainable. We provide some indirect evidence for the changing pace of technological progress to support our conclusions. We also address the changes in wage dynamics within the asymmetric employer-learning theory. Within this framework, the results suggest that there were advances in signaling about unobserved ability between 1980s and 2000s.
However, this alternative theory cannot explain the overall decline in returns to ability. Note: Hourly wages are inflation adjusted to 2007 using the CPI-U. AFQT score is adjusted using the Altonji et al. (2008) methodology. Education variables: hs=1 for high school graduates and 0 otherwise, aa=1 for individuals with an associate degree, ba=1 for a bachelor's degree holders and ma=1 for individuals with a master's degree or higher. The unemployment rate is measured by a 3-year moving average and is calculated using Current Population Surveys. Family background variables are observed only for a subset of individuals. In NLSY79 real family income is measured at ages 16 or 17. In NLSY97 family income measured in 1997. Family intact indicates family composition at 14 years old in the NLSY79, and in 1997 (i.e., ages 13-17) in the NLSY97. Parental education is measured in years of Note: All statistics are weighted by the cross-sectional weights. Wages are inflation adjusted to 2007 using the CPI-U. Education variables: hs=1 for high school graduates and 0 otherwise, aa=1 for individuals with an associate degree, ba=1 for a bachelor's degree holders and ma=1 for individuals with a master's degree or higher. The unemployment rate is measured by a 3-year moving average and is calculated using Current Population Surveys. Coefficients and standard errors presented. Respondents are clustered at the primary sampling unit, robust standard errors are reported. Note: All statistics are weighted by the cross-sectional weights. Wages are inflation adjusted to 2007 using the CPI-U. Education variables: hs=1 for high school graduates and 0 otherwise, aa=1 for individuals with an associate degree, ba=1 for a bachelor's degree holders and ma=1 for individuals with a master's degree or higher. The unemployment rate is measured by a 3-year moving average and is calculated using Current Population Surveys. Coefficients and standard errors presented. SRespondents are clustered at the primary sampling unit, robust standard errors are reported. NLSY79 NLSY97 NLSY79 NLSY97 NLSY79 NLSY97 NLSY79 NLSY97 Note: All statistics are weighted by the cross-sectional weights. Wages are inflation adjusted to 2007 using the CPI-U. Other controls -education dummies (see Table 2 note), exp, exp2, unemployment, metro status. Coefficients and standard errors presented. Respondents are clustered at the primary sampling unit, robust standard errors are reported. Note: Statistics are weighted using specified weights. Wages are inflation adjusted to 2007 using the CPI-U. Other controls -education dummies (see Table 2 note), exp, exp2, black, unemployment, metro status. Coefficients and standard errors presented. Respondents are clustered at the primary sampling unit, robust standard errors are reported. Note: Statistics are weighted using specified weights. Wages are inflation adjusted to 2007 using the CPI-U. Other controls -education dummies (see Table 2 note), exp, exp2, black, unemployment, metro status. Coefficients and standard errors presented. Respondents are clustered at the primary sampling unit, robust standard errors are reported. Note: NLSY79 statistics are weighted by the cross-sectional weights. NLSY97 statistics are weighted using weights constructed to equalize age distributions. Wages are inflation adjusted to 2007 using the CPI-U. Education measures years of schooling. Unemployment rate is measured by a 3-year moving average and is calculated using Current Population Surveys. Coefficients and standard errors presented. Respondents are clustered at the primary sampling unit, robust standard errors are reported. Note: NLSY79 statistics are weighted by the cross-sectional weights. NLSY97 statistics are weighted using weights constructed to equalize age distributions. Wages are inflation adjusted to 2007 using the CPI-U. Education measures years of schooling. Unemployment rate is measured by a 3-year moving average and is calculated using Current Population Surveys. Coefficients and standard errors presented. Respondents are clustered at the primary sampling unit, robust standard errors are reported. Note: Both populations are weighted using the BLS weights.
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